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Abstract

The rapid growth in wireless communications and the increasing scarcity of spectrum necessitate intelligent and adaptive
technologies for efficient utilization of available resources. Dynamic Spectrum Access (DSA) in Cognitive Radio Networks
(CRNs) offers a promising solution to these challenges. However, achieving real-time spectrum agility and interference
mitigation remains a technical hurdle. This paper presents a novel artificial intelligence (Al)-assisted adaptive beamforming
scheme based on reinforcement learning (RL) to dynamically steer antenna beams toward legitimate users while suppressing
interference. An 8-element Uniform Linear Array (ULA) operating at 2.4 GHz is modeled in MATLAB, and a Q-learning
algorithm is employed to learn optimal beamforming weights through spectrum feedback. Simulation results demonstrate that
the RL-based approach achieves a 4.9 dB improvement in Signal-to-Interference-plus-Noise Ratio (SINR) and 38% faster
convergence compared to classical Least Mean Squares (LMS) algorithms. Unlike conventional adaptive beamforming methods,
the proposed scheme does not require prior knowledge of the interference environment or channel statistics, enabling autonomous
adaptation in highly dynamic spectrum conditions. Moreover, the system exhibits robustness to user mobility and Signal-to-
Noise-Ratio (SNR) variations, making it suitable for cognitive base stations, Unmanned Aerial Vehicles (UAV) communications,
and Spectrum-sharing Internet of Things (IoT) environments. These results indicate that reinforcement learning—driven beam
control can serve as a practical enabler for real-time spectrum intelligence in next-generation wireless systems. This work
underscores the potential of intelligent beamforming for next-generation wireless systems and sets the stage for future
enhancements using deep RL and hybrid beamforming architectures.
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1. Introduction

The rapid expansion of wireless services—driven by appli- scale IoT networks—has brought about an urgent need for ef-
cations such as virtual reality, autonomous systems, and large- ficient spectrum use. With finite radio frequency resources
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and increasing user demands, traditional static spectrum allo-
cation has become inefficient, especially in dynamic and di-
verse traffic environments [1]. Cognitive Radio Networks
(CRNSs) have gained momentum as a flexible solution to this
problem. By enabling Dynamic Spectrum Access (DSA),

Secondary Base
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CRNss allow unlicensed users (secondary users) to opportun-
istically utilize underused licensed bands, provided they do
not interfere with primary users. While this strategy holds
great potential, achieving real-time spectrum adaptability and
interference control under changing conditions remains a sig-
nificant technical obstacle [2].
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Figure 1. Cognitive Radio Network.

A fundamental requirement for successful DSA is the inte-
gration of smart antenna systems capable of adaptive beam-
forming. These systems can direct transmission or reception
toward desired users and suppress unwanted signals. Classical
beamforming algorithms such as the Least Mean Squares
(LMS) technique have been widely used, but they often fall
short in unpredictable radio environments due to slow conver-
gence and reliance on static models [3].

Cognitive Radio Networks (CRNs) have emerged as a
promising framework for addressing the growing demand for
spectrum efficiency in modern wireless systems has shown in
Figure 1. By allowing secondary users to access unused li-
censed bands without causing interference to primary users,
CRNs promote dynamic and intelligent spectrum utilization.
A key component that enhances the performance of CRNs is
the use of adaptive beamforming systems. These smart an-
tenna arrays can dynamically focus transmission or reception
beams toward active users while minimizing signal leakage
and interference in other directions. The ability to adaptively
steer beams not only improves communication quality but also
maximizes spectral reuse, making it a crucial technology for
supporting next-generation wireless applications such as mo-
bile edge computing, drone communications, and large-scale
IoT deployments as depicted in Figure 2.

The recent progress in Artificial Intelligence (AI), espe-
cially in Reinforcement Learning (RL), has introduced new
possibilities for designing intelligent wireless systems. Unlike
traditional learning models, RL does not require labeled da-
tasets. Instead, it learns optimal actions by interacting with the
environment and using performance feedback to improve over
time. This makes RL well-suited for dynamic beamforming,

where systems must continuously adjust to changing signal
directions, interference, and noise [4].
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Figure 2. Beam-Steerable mmWave Antenna System.

This paper presents a Q-learning-based adaptive beam-
forming method designed to enhance spectrum efficiency in
CRN:ss as depicted in Figure 3.
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Figure 3. Q-learning-based Adaptive Beamforming in CRN.
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Using MATLAB, we simulate an §8-element Uniform Lin-
ear Array (ULA) operating in the 2.4 GHz ISM band as de-
picted in Figure 4. The system learns to steer beams toward
valid users while minimizing interference from other sources.
In the simulations, the proposed RL-based approach signifi-
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Figure 4. A typical diagram of ULA.

Incorporating Q-learning into adaptive beamforming not
only enhances system metrics like SINR and convergence
speed but also supports the realization of autonomous and
self-adjusting wireless networks. These systems can respond
to real-time variations in spectrum usage without relying on
predefined environmental models. Such responsiveness is es-
pecially valuable in high-mobility or high-density scenarios—
including smart transportation systems, unmanned aerial ve-
hicles (UAVs), and industrial automation—where minimizing
interference and maintaining signal quality are essential. As
wireless infrastructures grow more dynamic and intercon-
nected, learning-based beamforming approaches offer a prac-
tical pathway toward more efficient and scalable spectrum uti-
lization.

r6
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cantly outperforms the LMS method in terms of SINR, con-
vergence speed, and resilience to changes in signal conditions
or user positions. The results highlight the viability of com-
bining Al with antenna beamforming to meet the growing de-
mands of next-generation wireless systems, including 6G,
UAV-based communications, and smart IoT networks.
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2. Related Work

The integration of adaptive beamforming with dynamic
spectrum access (DSA) is critical for achieving enhanced
spectral efficiency and real-time adaptability in Cognitive Ra-
dio Networks (CRNs) [5]. Traditional beamforming tech-
niques—such as Least Mean Squares (LMS), Sample Matrix
Inversion (SMI), and Minimum Variance Distortionless Re-
sponse (MVDR)—have formed the foundation of early CRN
designs by offering deterministic solutions for interference
suppression and signal enhancement. While these algorithms
are mathematically elegant, their reliance on precise channel
estimates and their poor adaptability in non-stationary or mo-
bile environments limit their effectiveness in dynamic wire-
less contexts [6, 7].
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Figure 5. Adaptive-beamforming-system.

To overcome these constraints, the research community has
turned toward Artificial Intelligence (Al), particularly Rein-
forcement Learning (RL), to design more flexible and context-
aware beamforming strategies as depicted in Figure 5. RL
agents interact with the environment and learn optimal an-
tenna weight vectors by maximizing long-term performance
metrics such as SINR, throughput, or spectral efficiency. One
of the earliest successful implementations was the application
of Deep Q-Learning for beam selection in millimeter-wave
(mmWave) channels and demonstrated up to 35% throughput
improvement in mobile scenarios [8]. Additionally, a deep re-
inforcement learning (DRL)-enabled hybrid analog-digital
beamforming system was proposed for multi-user Multiple In-
put Multiple Output (MIMO) setups, in which the technique
achieved high beam tracking accuracy with real-time adapta-
tion, outperforming conventional compressive sensing-based
techniques [9]. Likewise, the use of actor-critic models to
adapt beam patterns in vehicular networks and reduce the
Doppler-induced signal degradation, resulting in a 20% in-
crease in link reliability [10].

With the increasing complexity of radio environments, re-
searchers are shifting from conventional model-free reinforce-
ment learning (RL) to more advanced methods that improve
adaptability and training efficiency in dynamic spectrum sys-
tems. Among these emerging strategies, model-based RL has
gained interest for its ability to make use of known system dy-
namics, thereby reducing learning time. In the work [11], a
hybrid approach combining RL with Direction-of-Arrival
(DoA) estimation was proposed for beam management in
UAV-supported networks. This integration enabled faster
beam alignment and significantly improved spectrum utiliza-
tion, especially in mobile aerial communication scenarios.

In settings characterized by frequent environmental
changes, Transfer Learning (TL) has become an effective tool
for minimizing training effort. A TL-aided RL framework for
CRNs, where previously acquired knowledge from one spec-
trum environment was applied to another. This reduced the
amount of new data needed and allowed the agent to adjust
more quickly to unfamiliar spectral conditions, a crucial fea-
ture for real-time CRN deployment [12]. Another direction
gaining momentum is meta-learning, which prepares learning

agents to rapidly adapt across various beamforming tasks. Un-
like transfer learning, which reuses prior models, meta-learn-
ing focuses on teaching the agent how to generalize from mul-
tiple previous tasks as demonstrated on how this technique
leads to faster convergence and better task flexibility, which is
especially valuable in dynamic, time-sensitive wireless sys-
tems [13].

In parallel, Federated Reinforcement Learning (FRL) has
been proposed to address privacy and scalability concerns in
distributed networks. Rather than aggregating raw data at a
central location, FRL enables individual nodes to train local
models independently and share only model updates, that this
strategy can deliver comparable performance to centralized
training while keeping user data private [14]. A further explo-
ration on this concept was presented and how incentive mech-
anisms can be used to promote participation in FRL systems,
especially within diverse and autonomous network setups was
explicated [15].

These advanced learning frameworks—model-based RL,
transfer learning, meta-learning, and federated RL—each ad-
dress different limitations of traditional RL in the context of
beamforming. Together, they present a pathway toward more
efficient, adaptive, and secure communication systems capa-
ble of supporting next-generation CRNs, UAV networks, and
intelligent 6G infrastructure. Despite these promising devel-
opments, notable challenges persist. Deep RL methods, while
powerful, often suffer from high computational complexity
and slow convergence during early exploration phases. These
issues make them unsuitable for low-power embedded sys-
tems or real-time applications without significant optimiza-
tion [16]. Furthermore, the curse of dimensionality associated
with large antenna arrays or wideband channels imposes
scalability limits on deep models [17].

To address these challenges, lightweight RL models such as
tabular Q-learning and Deep Q-Networks with feature compres-
sion have gained attention. A simplified Q-learning approach
for DSA in CRNs was developed and demonstrated 40% faster
convergence with 5.1 dB SINR gain over LMS in dynamic sce-
narios [18]. So also, the used of prioritized experience replay to
improve learning speed in multi-agent CRNs, reducing latency
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by over 30% [19]. The integration of hybrid beamforming ar-
chitectures, graph-based RL models, and edge-assisted learning
frameworks promises to push the frontiers of Al-assisted beam-
forming as demonstrated in a graph RL-based solution for beam
selection in reconfigurable intelligent surface (RIS)-assisted
networks, achieving near-optimal performance with reduced
training time [20].

In response to these evolving trends, the current study pro-
poses a computationally efficient, Q-learning-based adaptive
beamforming framework for DSA in CRNs. The design fo-
cuses on real-time operation in mobile, interference-prone en-
vironments—striking a balance between learning efficiency,
hardware feasibility, and spectral performance.

3. Methodology

This section presents the theoretical formulation and imple-
mentation of the Al-assisted adaptive beamforming system.
The methodology is structured and captured the signal model
and array geometry; beamforming formulation; SINR compu-
tation; reinforcement learning-based beam adaptation using
Q-learning; and setup the evaluation metrics for the system.

3.1. Signal Model and Antenna Array
Configuration
We consider a Uniform Linear Array (ULA) consisting of
N =
length (d = A/ o) intervals to avoid spatial aliasing and pro-

8 isotropic antenna elements, spaced at half-wave-

vide optimal angular resolution. The system operates in the
2.4 GHz ISM band, corresponding to a wavelength 1 = ¢ / 2

where ¢ is the speed of light and f is the carrier frequency.
The baseband representation of the received signal vector
x(t) € CV*1 attime t is expressed as:

x(t) = Xk, o(0F)sk(®) +n(0), )

where:
K is the number of signal sources (desired and interfering),
0y, is the angle of arrival ApA of the k-th source,
a(8) is the steering vector of the ULA,
sk (t) is the baseband signal of the k-th source,
n(t)~Cn(0, onl) is the additive white Gaussian noise vec-
tor.
The steering vector for the ULA is defined as:

1
ejn2 sin(ex)
ejn2 sin(ex)
a(@k) = . )

| ejn(N - 1) sin(6x) |

3.2. Beamforming Weight Application

To extract the desired signal while minimizing interference
and noise, the system applies a complex beamforming weight
vector w € CN*! to the received signal. The beamformer
output is given by:

y(@) = w" x(t), 3)

where wf is the Hermitian (conjugate transpose) of the

weight vector w, and y(t) is the scalar beamformed signal
output.

3.3. SINR Formulation

The Signal-to-Interference-plus-Noise Ratio (SINR) is used
as the performance metric and is computed as:

it a(ea)lzpd (4)
2’
EkéAIWH a(ek) |2Pk+62n| IWI |

SINR=

where:
6, isthe ApA of the desired user,
P, is the power level of the desired signals,
Py is the power level of the interfering signals,
|[|lw]| denotes the Euclidean norm of the weight vector.

3.4. Q-Learning Based Adaptive Beamforming

A model-free Q-learning algorithm is employed to optimize
the beamforming vector dynamically, leveraging interaction
with the environment with the flowchart depicted in Figure 6.
The agent learns to steer beams toward desired directions
while suppressing interference by maximizing the long-term
SINR reward. In this research work, the beamforming prob-
lem is modeled as a Markov Decision Process (MDP) defined
by the tuple (S, A, R, P),
where:

State (s € S): Defined as S; = SINR,, representing the
current beam direction and observed SINR.

Action (a € A): A discrete change in beamforming pa-
rameters such as:

Phase adjustment: @ + @ + A@ ; Direction shift:
6 «— 6 + Af; Amplitude scaling.

Reward (r € R): Defined as the SINR improvement at
time t:

r,=SINR L —SINR,_,,

r, = SINR, — SINR,_;.

Transition (P): The transition probability is not explicitly
modeled but learned through interaction.

In the same vein, the Q-learning update for state-action
pairs is governed by the Bellman equation as shown in Eqn.

(5):

Q(sp,ar) « Q(spap) + alry +y max,Q(seyq,a’) —
Q(Strat)]; (5)
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where:

a is the learningrate (0 < a < 1),

y is the discount factor (0 < y < 1),

max Q(Sy4q1,a’ is the maximum expected reward for the
next state.

3.5. Evaluation Metrics

To assess the beamforming performance, the following
metrics were used:
Signal-to-Interference-plus-Noise Ratio (SINR):

|wHa(9d)|2 (6)
KL wHa(9 )|+ o2’

SINR =

where
64 isthe ApA of the desired signal,
6; for i = 1,.., K; are interfering sources

State

S
i Select Action a;
Reward|  (€-greedy)
Tt

Update
Beamforming
Weights

Terminal
State?

Update Q-Table

Figure 6. Flowchart of Q-learning process for adaptive beamform-
ing.

4. Simulation and Results

4.1. Simulation Setup

To evaluate the performance of the proposed Q-learning-
based adaptive beamforming system, simulations were con-
ducted using MATLAB. An 8-element Uniform Linear Array
(ULA) operating at a carrier frequency of 2.4 GHz was mod-
eled. The antenna spacing was set at half the wavelength ()‘/ 2)s

and each element was assumed to be isotropic.
The simulation environment includes:

One desired signal source and multiple interfering sources
arriving at different angles of arrival (454 s).

Additive white Gaussian noise (AWGN) modeled as
CNV(0,032).

A dynamic scenario where the ApA of sources may change
with time (mobility).

The beamformer agent applies Q-learning to adapt the
weight vector w over time based on the received SINR.

The performance of the proposed method is benchmarked
against the Least Mean Squares (LMS) algorithm, commonly
used in classical beamforming.

4.2. Results and Discussion

4.2.1. Cartesian Plot (Amplitude vs Angle)

In Figure 7, the plot depicts account of signal amplitude
varies across different angles, in which the two main lobes are
clearly visible at 30° and two interfering sources at 90° and
150°, evaluated after 1,000 learning episodes in the presence
of additive white Gaussian noise with peak amplitude of re-
sponse of the 8-element Uniform Linear Array (ULA) operat-
ing at 2.4 GHz with A/2 spacing, indicating strong beamform-
ing in these directions. Although, the presence of side lobe or
smaller peaks represents the unwanted radiation or leakages
and the plot confirms that the beamforming system effectively
concentrates signal energy in desired directions, while re-
duced side responses reflect interference suppression.

Amplitude

-200 -150 -100 -50 0 50 100 150 200
Angle (deg)

Figure 7. Cartesian Plot (Amplitude vs Angle).

4.2.2. SINR Performance vs. Time

A plot is presented showing SINR (in dB) against training
episodes as illustrated in Figure 8, where the Q-learning-based
beamformer exhibits and reacts when the signal direction
changes with time, particularly in environments with fluctuat-
ing dynamic angle-of-arrival (4,4s) conditions. SINR evolu-
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tion recorded over 1,241 training episodes under a time-vary-
ing angle-of-arrival environment. During simulation, the de-
sired signal fluctuates between 23° and 37°, while interferers
move within 71°-95° and 132°-147°. The SINR remains
steady and experience time-varying AOAs in an AWGN envi-
ronment, which shows that the system can follow changes in
signal direction without losing performance and stability,
while the convergence occurs faster and more stable, while
demonstrating the adaptive tracking capability.

SINR (dB)

0 10 20 30 40 50 60 70 80 90 100
Time Steps

Figure 8. lllustrates SINR vs. Time under angle-of-arrival (ApA)
variation.

4.2.3. Beam Pattern Visualization
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Figure 9. Beam pattern (LMS vs. Q-Learning).

Radiation patterns demonstrated in Figure 9, on how the
beamformer steers its main lobe toward the desired signal and
nulls toward interferers. The beam patterns obtained for LMS
and Q-learning-based beamformers using identical conditions:

one desired signal at 30°, two interferers at 90° and 150°, an
8-element ULA, and AWGN. While LMS points a main beam
at the desired direction, it does not place deep nulls at interfer-
ing angles. The Q-learning beamformer, on the other hand,
forms a stronger main lobe and deeper nulls (better-placed),
with improved interference rejection.

4.2.4. SINR Improvements Over Learning Episodes
(Convergence Plot)

The SINR performance over 1500 episodes in Figure 10 il-
lustrates how the LMS technique improves slowly while the
Q-learning beamformer increases SINR more quickly and
reaches higher values, showing faster learning and better over-
all signal quality. The desired signal is located at 30°, with in-
terferers at 90° and 150°.

SINR (dB)

0 500 1000 1500
Episodes

Figure 10. SINR improvements over learning episodes.

4.2.5. Q-table Heatmap

States (AoA Bins)

1 2 3 4 5 6 7 4 8
Actions (Beam Directions)

Figure 11. Q-table heatmap.
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The Q-table heatmap in Figure 11 illustrates how the agent
learns which beam directions work best in different conditions
after 2,000 training episodes. Brighter areas represent better
decisions. The learned values show that the agent has identi-
fied good beam directions to use when signals come from cer-
tain angles. The training environment includes one desired
source and two interferers with fixed AOAs, using an 8-ele-
ment ULA under AWGN. Higher-valued regions correspond

to beam configurations yielding sustained SINR improvement.

5. Conclusion

This paper presented a Q-learning-based adaptive beamform-
ing framework tailored for dynamic spectrum access in cogni-
tive radio networks operating in dynamic and interference-
prone environments. The system incorporates a Q-learning al-
gorithm with a smart antenna system, which enables autono-
mous optimization of beamforming weights without requiring
prior knowledge of the interference covariance matrix or signal
statistics. The system was tested and evaluated in a simulated
environment with varying signal conditions. The simulated re-
sults showed that the Q-learning approach outperforms conven-
tional algorithm such as traditional LMS in terms of better
SINR, interference suppression, faster convergence, and robust-
ness to mobility than the traditional LMS method. It also proved
more robust to changes in the angle of arrival, making it suitable
for dynamic and mobile communication scenarios. Although Q-
learning introduced moderate computational overhead and
lightweight nature of the final learned, the improvement in per-
formance makes the framework highly promising and suitable
for intelligent beamforming in next-generation wireless systems
such as 5G, 6G, 10T, UAV, and edge Al applications.

6. Future Recommendation

Future research directions may involve:

1) The use of deep reinforcement learning, hybrid beam-
forming, and hardware-in-the-loop validation to further
improve real-world deployment.

2) Replace Q-table with Deep Q-Networks (DQN) for con-
tinuous or high-dimensional state/action space.

3) Integrate Kalman filters or DoA estimation as state
feedback.

4) Extend to hybrid analog—digital beamforming for 5G
mmWave systems.

Abbreviations

AoA Angle-of-Arrival
AWGN  Additive White Gaussian Noise
Al Artificial Intelligence

CRNs Cognitive Radio Networks
DQN Deep Q-Networks
DRL Deep Reinforcement Learning

DoA Direction-of-Arrival
DSA Dynamic Spectrum Access
FRL Federated Reinforcement Learning

LMS Least Mean Squares

MDP Markov Decision Process

MVDR  Minimum Variance Distortionless Response
RIS Reconfigurable Intelligent Surface

RL Reinforcement Learning

SMI Sample Matrix Inversion

SINR Signal-to-Interference-plus-Noise Ratio
SNR Signal-to-Noise Ratio

TL Transfer Learning
ULA Uniform Linear Array
UAVs Unmanned Aerial Vehicles
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